Abstract-The goal of our work is to develop an open and modular course for data science and big data analytics that is accessible to non-programmers. The course is designed to cover major concepts that are useful to understand the benefits of parallel and distributed programming while not relying on a programming background. These key concepts focus more on algorithmic aspects rather than architecture and performance issues. A key aspect of our work is the use of workflows to illustrate key concepts and to allow the students to practice.
INTRODUCTION
Data science has emerged as a widely desirable skill in many areas. Although courses are now available on a variety of aspects of data science and big data analytics, there is a lack of broad and accessible materials that are accessible to non-programmers. As a result, acquiring practical data science skills is out of reach for many students and professionals, posing severe limitations to our ability as a society to take advantage of our vast digital data resources. Parallel computing is an area that they would benefit from learning. However, parallel computing is traditionally taught as part of the computer science curriculum in ways that require strong programming skills [Prasad et al 2012] .
In this paper, we propose a lesson plan to teach parallel computing concepts to non-programmers. The lesson plan is part of a course for teaching data science to non-CS students.
II. DATA SCIENCE FOR NON-PROGRAMMERS
We are developing educational materials for data science to provide broad and practical training in data analytics non-CS students. This includes students majoring in science and engineering who want to acquire skills to analyze data, such as biology, chemistry, and geosciences. This also includes students in the humanities that would like to pursue datadriven research, such as journalism students interested in social media analysis.
Our focus is on students that will not take programming classes. Our goal is that they learn basic concepts of data science, so they can understand how to pursue data-driven research projects in their area and be in a better position to collaborate with computer scientists in such projects.
Existing courses on data science typically require programming skills.
As an example, Coursera's "Introduction to Data Science" 1 requires two college-level courses in programming. Even when targeted to nonprogrammers, data science curricula focus on teaching programming.
For example, Columbia University's Journalism School offers a set of courses to introduce students to data practices 2 that starts out teaching basic programming skills.
Although it is always beneficial to learn programming, not every student is inclined to invest the time and effort to do so. A course that enables them to learn basic concepts of data science will be more approachable and still useful. In the spirit of computational thinking [Wing 2006 ], our goal is to design a curriculum that teaches computing concepts above the level of particular programming languages and implementations.
Another observation about data science curricula is that they tend to focus on databases and machine learning, with little attention to parallel and distributed computing. Although database technologies and machine learning algorithms are important, it is also important to include concepts of scalability through parallelism and distributed computation. These concepts are particularly important to include in the curriculum, as the motivation to learn about data science is often the pursuit of big data analytics and that requires understanding how to scale up computation. Table I presents the major sections and topics of our proposed course for data science. All the topics can be introduced without requiring programming skills.
The course includes a variety of topics in parallel and distributed computing, which we describe in more detail in the next section.
The course also has more emphasis on metadata and semantics than are usually included in data science courses. There is also more emphasis on end-to-end methods for data analysis, which include data pre-processing, data postprocessing, and visualization. Learning these concepts must be supplemented with practice. But how will students with no programming skills be able to see programs in action? A major component of the course is the use of a semantic workflow system, described in Section 4, to enable students to practice complex data analysis concepts, particularly parallel and distributed computing.
III. PARALLEN AND DISTRIBUTED PROGRAMMING FOR
NON-PROGRAMMERS Table II shows in more detail the topics that we propose to cover regarding parallel and distributed computing. It also shows the learning outcomes that we target for each of the topics. These learning outcomes are in terms of the student understanding those topics by being able to determine the applicability of relevant concepts to their own data and context. We have noticed that the MapReduce/Hadoop paradigm is often mentioned in technical discussions on big data and data science. However, only programmers understand and appreciate the features of this paradigm. Similarly, cloud computing is a widely known term that very few understand. Making such common terms accessible and understood by non-programmers is one of our goals.
The lessons also convey notions of algorithmic complexity and computational cost. We view parallel computing as an ideal mechanism to illustrate these concepts and enable non-programmers to learn to think computationally [Wing 2006 ]. 
IV. SEMANTIC WORKFLOWS
To enable students to practice and experience complex data science concepts, we allow the students to interact with a workflow system that has predefined workflows that they can run and explore. The workflow system uses semantic constraints to ensure that the workflows are used properly.
We use the WINGS semantic workflow system (http://www.wings-workflows.org). WINGS is an intelligent workflow system that can assist users, and therefore students, to create valid workflows [Gil et al 2010] and automate the elaboration of high-level workflows [Gil et al 2011a; Gil et al 2011b] . Users find pre-defined workflows and workflow components that they can reuse and extend to create their own workflows. As users select and configure workflows to be executed, WINGS ensures that workflows are correctly composed by checking that the data is consistent with the semantic constraints defined for the workflow and its components. Users can track execution progress and view results.
Workflows offer a visual programming language for complex multi-step data analytics. We have reported on non-programmers easily using complex data analysis workflows .
Workflows have been used in courses to teach visualization [Silva et al 2011] . We believe that they can be a powerful paradigm to teach other concepts in data science.
WINGS has been used for physics-based seismic hazard analysis [Gil et [Gil et al 2013b] . These workflows can be used to illustrate different topics in the course. Figure 1 shows a snapshot of the WINGS user interface for composing and validating workflows, in this case using workflows for text analytics [Hauder et al 2011a; Hauder et al 2011b] . WINGS can validate the workflows that are created by the user by reasoning about the semantic constraints that have been defined for the workflow, its components, and all the associated input and output object variables. WINGS can also elaborate workflows by adding details about additional parameters as well as constraints for the object variables. A high-level introduction to WINGS can be found in [Gil et al 2011a] , a formal description of the workflow representation language and reasoning algorithms is given in [Gil et al 2011b] .
WINGS Figure 2 illustrates how WINGS helps students to run valid workflows that exemplify complex data analyses. In this case, the workflow classifies text into categories, and has two parameters to be set. The user can ask WINGS to suggest values for those parameters, which WINGS will do based on the data selected by the user. Figure 3 shows how WINGS helps users understand parallel programming concepts.
Given the workflow template on the left, which indicates parallel processing through stacked boxes, WINGS can expand it to generate an executable workflow. Once the user selects input datasets, in this case 3 different ones, WINGS generates the workflow on the right, which shows how may processes will be run for the data selected.
WINGS also enables the students to see the intermediate and final results of the workflow execution. This helps them understand what is happening in each of the branches of the computation, and how the results are put together to generate a single output of the workflow.
As a pre-test, we used workflows to teach core concepts of parallel programming to two students. Neither one had programming knowledge. Both understood the concepts, and found the materials accessible. Both found the concepts taught to be potentially useful. More thorough tests will be required in order to ensure reasonable confidence that the material is accessible.
VI. CONCLUSIONS
We have proposed a course for non-programmers to learn about data science, and in particular concepts of parallel and distributed computing. The course allows the students to practice by using semantic workflows. The workflows capture complex multi-step data analysis methods, which include semantic constraints about their use. This enables the workflow system to validate the workflows and assist the students to set up the analysis properly.
